Abstract. Motion during the acquisition of dynamic contrast enhanced MRI can cause model-fitting errors requiring co-registration. Clinical implementations use a pharmacokinetic model to determine lesion parameters from the contrast passage. The input to the model is the timeintensity plot from a region of interest (ROI) covering the lesion extent. Motion correction meanwhile involves interpolation and smoothing operations thereby affecting the time-intensity plots. This paper explores the trade-offs in applying an elastic matching procedure on the lesion detection and proposes enhancements. The method of choice is the 3D realization of the Demon's elastic matching procedure. We validate our enhancements using synthesized deformation of stationary datasets that also serve as ground-truth. The framework is tested on 42 human eye datasets. Hence, we show that motion correction is beneficial in improving the model-fit and yet needs enhancements to correct for the intensity reductions during parameter estimation.
Introduction
The model-based quantitative analysis of contrast agent diffusion in dynamic contrast enhanced MRI (DCE-MRI) allows us to estimate the magnitude and spatial distribution of physiological kinetic parameters such as amplitude (A), redistribution rate constant (k ep ) and the elimination rate constant (k el ) [1] . The quantification of the temporal intensity signal in the tumor region reflects its angiogenic properties such as the vascular density, arrangement and functional permeability within [2] . The input to the model is a sequence of DCE-MR images from which a region-of-interest (ROI) encompassing an entire or portion of the lesion is selected. Quantification involves fitting an appropriate curve to the temporal intensity pattern drawn from the ROI. The modeled parameters can be used to relate to lesion specific physiological concepts.
The challenging aspect in quantification is the positioning of the ROI consistently to cover a lesion across all the epochs. The time required for imaging, non-stationary organs such as the eye, kidney, liver and lung, patient movement, breathing, pain and gravitation effects can cause elastic deformation [2] . Hence, model fitting errors arise that alter voxel-to-tissue mapping necessitating the use of multiple ROI's across the temporal scale.
Motion correction has been proposed in the past for the DCE-MRI sequences for improving the parameter estimation by placing a single ROI that is temporally consistent. The choice of using rigid [3, 4, 5] or elastic [6, 7] matching methods have depended on the organ and the deformation inherent in it. While initial research focussed on using conventional metrics (e.g. mutual information [8] , correlation ratio [9] ) with limited success, efforts were made to incorporate the quantification model into the registration cost function [3] . Recently, Buonaccorsi et al. [5] proposed using a simplified tracer model directly into the registration metric to develop a localized, 3D translational registration algorithm focussing on the tumor VOI to obtain better model fits. They assumed that the abdominal tumors were sufficiently rigid in comparison to surrounding tissue. In our case, the low spatial resolution of the eye images (256x256) with high acquisition noise does not provide satisfactory rigid registration results. The tumors in the eye deform elastically due to subject movement, soft tissue and eye ball rotation.
While the need for motion correction has been reported in the literature, the presence of registration artifacts has not been investigated. Co-registration is concomitant with image transformations leading to interpolation of the image field on a grid. Interpolation is akin to a low-pass filtering operation and hence pixel intensities are affected. Reduction in pixel intensities affect the amplitude, rise and wash-in or wash-out gradients of the time-intensity curves and hence the parameters.
In this paper, we explore the role of the Demons registration method [10] in providing a better model-fit. Our research leads us to evaluating the intensity changes caused by smoothing during the registration procedure. Experiments are performed using stationary human eye datasets with induced elastic motion to explore signal degradation. We perform anisotropic smoothing to reduce high frequency noise prior to a high-pass filtering stage. The high-pass filter compensates the smoothing that occurs during registration. Finally, histogram matching of the registered image to the original image is done to match the intensities. The framework is then applied to 42 clinical datasets having complex motion. We show that the pharmacokinetic model provides a better fit to the registered signal patterns as compared to the unregistered case. Moreover, the fit is comparable to the case where manual ROI placement is done across all time-points. We show examples where exact boundaries of the tumor are better identified owing to the improved registration. Hence, we motivate the need for applying motioncorrection with smoothing compensation into the quantification of DCE-MRI. deformation on medical images. The method was applied to track heart-motion and 3D matching of inter-patients brain images [13] . In [10] , a study of evaluating the temporal variations of lesion volumes for practical applications such as therapeutic intervention effects, therapy monitoring and pharmaceutical trials was conducted. This places our work in perspective. For the DCE-MRI images, each of the epochs provides a 3D volume which is registered to a pre-determined base 3D volume, chosen at the peak contrast when the features are best defined. The demon's method (see Figure 1 ) was implemented using the National Library of Medicine NLM/NIH's Insight Toolkit (ITK) [14] .
A total of 50 iterations yielded satisfactory results with the standard deviation of the Gaussian kernel smoothing the deformation field set at 1.0. The smoothing is essential to avoid inconsistent deformations from occurring. The other components of the framework, namely the gradient-anisotropic filter, high-pass filter and histogram matching filter are explained in the following section.
Validation of Intensity Compensation
The pharmacokinetic model estimation of the lesion parameters depends on the temporal intensity variation in the ROI encompassing the tumor. Earlier, we mentioned that registration causes smoothing of the image due to the interpolation of the warped image onto a grid. We now seek to understand registration performance based on the changes in pixel intensities. Our task is complicated by the fact that there is no ground truth for pixel intensity validation after registration since a 1-to-1 correspondence with the original image does not exist. Towards this purpose, datasets with no motion in them are selected. Motion is artificially induced in such datasets and then registered. The registered dataset is then compared to the original to study the smoothing effects.
Forty-two patients with eye tumors were included in the study protocol. DCE-MRI datasets were acquired on a clinical 1.5-T MR system (GE SIGNA) using a fast gradient-echo sequence (3D-FSPGR). Total scan time per volume was about 8 minutes. After the third phase, a small molecular weight paramagnetic contrast agent (e.g. Gd-DTPA, Magnevist) was injected using a power injector at a constant infusion rate of approximately 18s. 3D volumes of the eye at 28 time-points were acquired, with peak contrast being evident in the 6 th epoch. After manually scanning the forty-two datasets for stationary datasets, EYE-OS-P05 and EYE-OS-P28 were selected for this part of the study. We synthesize The values in the brackets specify the mean and standard deviation of the independent parameters. The rationale behind this procedure is that deformation is smooth and continuous spatially and relatively faster across the time-points. Further, the deformation in each time-point is maximum at a given slice and gradually declines for the neighboring slices. The translation may be due to blood flow or regular breathing and cannot be correlated across time-points and hence represented as a constant. The Gaussian parameters were chosen iteratively by a oncologist to reflect deformation found in practice. The deformed dataset is interpolated back onto a grid to represent a dataset with motion. The attached video sequences static.avi and deform.avi show the deformation obtained in a particular slice across all time-points. Using the original and deformed volumes, we can now evaluate the registration performance. Figure 2 (a) shows the Pearson's correlation plots of the eye dataset. The bottom (broken) curve indicates the correlation with the base volume (6 th epoch) prior to registration. The correlation in the volumes was 0.45 prior and 0.7 postregistration on average. Registration improves the correlation significantly. The low values are partly due to the motion, white noise in the images and also from the continuous uptake and washout of the contrast medium. The higher curves indicate the correlation values for 50, 100 and 200 iterations of the registration algorithm respectively. Longer iterative times tend to produce better registrations with diminishing returns progressively. Figure 2 (b) shows that as the registration accuracy improves (as a result of increased iteration), the drop in the average ROI intensity is more pronounced. The three lower curves (triangle markers) are directly registered volumes with- out any enhancements for 50, 100 and 200 iterations. In order to counter the smoothing during registration, we perform high pass filtering on the images prior to registration. However, this amplifies the shot noise to a great extent thereby defeating the purpose. Hence, the high-pass filter is preceded by a gradient-based anisotropic diffusion filter [15] that reduces the high frequency noise. Finally, we use a histogram matching procedure after the registration is complete to map the intensities back to the original image as shown in Figure 1 . Here, the reference image is the image prior to registration. The histogram matching is done only in a region local to the ROI. We also threshold using mean intensity value in order to eliminate the background voxels from interfering. Using this new framework, the registered volumes were scaled as shown by the curves with star markers in Figure 2 . These curves now lie in the vicinity of the dark curve that represents the true ROI intensity and share the same trends.
A total of 4 iterations yielded satisfactory results with a time-step of 0.125 and the conductance term set to 1.0 for the gradient anisotropic filter. The high pass filter was implemented as a inverted 2D Gaussian filter with σ = 0.75. The normalized frequency domain representation is given by:
), where N is a normalizing factor to make the Gain = 1. Figure 3(a,b) shows two slices at the 6 th and 10 th time-points of the EYE-OS-P05 dataset. Slice 3(b) suffers from motion-induced warping. Figure 3(c) is the difference image of 3(a) and 3(b), showing the mis-alignment. The new difference image after registration is shown in Figure 3(d) . The improvements and alignment of the boundaries are easy to observe over 3(c).
Why is filtering important? The crucial importance of DCE-MRI has been in understanding the heterogeneity in the tumor with respect to its vascular arrangement and density. Smoothing of images can potentially be dangerous since it causes the lesion to exhibit a homogenous texture. Preserving this important aspect requires intensity compensation by means of high-pass filtering and without amplifying the noise.
Experiments and Discussion
In this section, we strive to validate the performance of the registration in terms of the fit provided by the pharmacokinetic model. Three scenarios were considered: 1.) A single ROI was placed over the lesion for a given slice location where the tumor was well-defined and replicated at all other time points in the unregistered volumes. 2.) A trained pathologist placed ROIs for a given slice location consistently for all the time-points in the unregistered volumes. In other words, the ROI was shifted based on observed deformation. 3.) A single ROI was placed over the lesion at a given slice location and replicated at all other time points in the registered dataset. Here, there is no movement of the ROI.
The first case represents the assumption that there is no motion at all. The second situation realizes that there is motion and we manually correct the ROI placement. The third case assumes that there is motion and we use motioncorrection procedures and then place a single ROI. We can therefore expect that the pharmacokinetic model would provide the best fit to the second case and the worst fit to the first case. We try to evaluate the fit that the third case provides.
Goodness of fit Statistics: The fit provided by the model to the experimental data obtained from the three cases was evaluated using the parameter R 2 = 1 − SSerror SSmean , where SS error is the sum of the squares of the distance between the experimental data and the best-fit curve and SS mean is the sum of squares from the mean of all points [16] . When R = 0, the fit provided is no better than the mean horizontal line. When R = 1, the curve fits the points exactly. Analysis: We picked 10 datasets randomly and plot the R 2 fit obtained for the 3 cases in Figure 4 (a). As expected, the fit obtained from case 2 (square markers) is better than case 1 (diamond markers). Case 3 (triangle markers) performed better than the case 1 and matched or outperformed case 2 (the ideal case). Hence, the registered dataset with a single ROI consistently encompassed the tumor region for the given pharmacokinetic model. An example of the fits for the EYE-OS-P06 is plotted for illustration. The model fits ( Figure 4d -case 3; 4b -case 2) better than (4c -case 1).
Pixel-mapped model: While the above experiments were based on average signal intensities drawn from an ROI, we now investigate the results on applying the model to each voxel in the 3D volume. The two important lesion parameters (A and k ep ) are intensity-mapped and plotted. The noisy pixelwise analysis shows that the lesion has intense local enhancement with spot noise. Figure 5 shows the pixel mappings for the tumor in EYE-OS-P25 dataset. We make three observations: 1) In the unregistered dataset, the tissue structures such as the upper rim of the eye are more well-defined in terms of the enhancement locally. The structures are however absent in the directly registered case. The reason for this is the smoothing that happens in registration destroys the thin structures and reduces the enhancement pattern per pixel.
2) The registered datasets (c,d) define the tumor boundaries better than the unregistered case especially in the upper and lower poles (white circles). It indicates that there are more pixels that are enhanced indicating a better fit to the model. 3) The registered dataset with the high pass filtering improves over the directly registered case by reducing the shot noise, mapping the other peripheral eye structures and providing a better characterization of the tumor interior.
In conclusion, the effect of blurring in the pixel intensities and on the lesion parameters is explored. We incorporate filtering operations prior to registration to reduce noise and pre-empt signal degradation. Our validation covers stationary datasets with induced motion for ground-truth. The framework is tested on clinical cases. We found that motion artificially changes lesion morphology near the boundaries. Using our new framework, the effect for contrasting differences in the enhancement pattern for quantitative evaluation was pronounced.
